Activity budgets in wild animals are challenging to measure via direct observation because data collection is time consuming and observer effects are potentially confounding. Although tri-axial accelerometers are increasingly employed for this purpose, their application in smallbodied animals has been limited by weight restrictions. Additionally, accelerometers engender novel complications, as a system is needed to reliably map acceleration to behaviors. In this study, we describe newly developed, tiny acceleration-logging devices (1.5-2.5 g) and use them to characterize behavior in two chipmunk species. We collected paired accelerometer readings and behavioral observations from captive individuals. We then employed techniques from machine learning to develop an automatic system for coding accelerometer readings into behavioral categories. Finally, we deployed and recovered accelerometers from free-living, wild chipmunks. This is the first time to our knowledge that accelerometers have been used to generate behavioral data for small-bodied (<100 g), free-living mammals.
INTRODUCTION
Historically, constructing accurate behavioral activity budgets for wild animals has been difficult because of challenges associated with observer effects, evasive study organisms and extensive time investment. Remote monitoring of behavior with accelerometers is an increasingly common method for measuring behavior in wild animals while mitigating these problems (Brown et al., 2013; Davis et al., 1999; Kays et al., 2015; Lagarde et al., 2008; Nakamura et al., 2015; Shamoun-Baranes et al., 2012; Weimerskirch et al., 2005; Wilmers et al., 2015) . Thus far, accelerometers have mainly been deployed on larger species because of the weight limitations imposed by smaller-bodied animals ( Fig. 1 ). This technology, however, could be particularly beneficial for small-bodied species, which are often cryptic and difficult to observe in the wild.
While useful, accelerometers do engender a novel set of complications associated with the need to reliably map acceleration patterns to specific behaviors. Many simultaneous recordings of paired behavioral observations and accelerometer readings must be collected to determine the correct mapping. Machine-learning techniques have successfully been used to complete this task (Carroll et al., 2014; Bidder et al., 2014; Escalante et al., 2013; Gao et al., 2013; Grünewälder et al., 2012; Martiskainen et al., 2009; McClune et al., 2014; Nathan et al., 2012; Sakamoto et al., 2009 ). Previously, machine-learning algorithms have not modeled sequential correlations between behaviors and have not allowed for flexible lengths of behavioral segments, two constraints that may limit system accuracy.
In this study, we used newly engineered acceleration-logging devices of our own design to study two free-living, small-bodied species: the alpine (Tamias alpinus Merriam 1893) and lodgepole [Tamias speciosus (Merriam 1890)] chipmunks. These species are the subject of considerable research because of their divergent responses to the past century of climate change in Yosemite National Park, CA, USA; despite being closely related and cooccurring at some sites, T. alpinus contracted its range significantly upwards in elevation, while T. speciosus did not (Moritz et al., 2008) . Behavior may serve as an important first-line response mechanism for responding to environmental change (Sih et al., 2011) . Because chipmunks are difficult to observe directly, remote monitoring technologies like accelerometers provide a potentially important tool for studying their behavior.
We conducted a validation study by collecting simultaneous video and accelerometer records of captive chipmunk behavior. We then trained a hidden semi-Markov model on this dataset and used the resulting system to predict behaviors for accelerometer logs from free-living animals. To establish biological relevance, we tested whether the data reflected rhythmicity and seasonality of behavior, predicting that animals would be day-active and more active in summer than in autumn (Bahnak and Kramm, 1977; Kramm and Kramm, 1980; Wauters et al., 1992) . Because T. alpinus's range shift has been attributed to climate change (Moritz et al., 2008; Rubidge et al., 2010) and past work suggests that this species may be particularly sensitive to dry heat (Heller and Poulson, 1972) , we also hypothesized that its behavior might be more temperature dependent than that of T. speciosus, and predicted that, in contrast to T. speciosus, T. alpinus would show higher activity in the early morning and late afternoon (07:00-10:00 h and 15:00-18:00 h) than at midday (11:00-14:00 h), when temperatures are typically warmer.
By combining the use of newly engineered accelerometers with the validation of behavioral data and application of new computational methods, we demonstrate that acceleration loggers can be used to remotely measure behavioral activity budgets of small-bodied species (Fig. 2) .
MATERIALS AND METHODS
Animal Care and Use Committees at the Universities of California, Berkeley and Santa Barbara approved all procedures; methods followed American Society of Mammalogists guidelines (Sikes and Gannon, 2011) .
Accelerometers
Transmitting accelerometers deployed in the lab (Fig. 3A,C ; similar to Lopes et al., 2014) weighed ∼1.5 g and took constant readings at 200 Hz. For machine learning, data were down-sampled to 20 Hz per axis, the lowest sampling frequency that resulted in negligible decreases in machine-learning accuracy.
Logging accelerometers, made of similar parts, were deployed in the field (Fig. 3B) . Devices weighed ∼1.5-2.5 g (depending on battery; mass includes battery and weather proofing) and were composed of an ATtiny13 microcontroller (Atmel Corp., San Jose, CA, USA), an MPU-9250 6-axis inertial measurement unit (Invensense, San Jose, CA, USA), MR25H40 magnetoresistive memory (Everspin, Chandler, AZ, USA) and a lithium-polymer battery (Powerstream, Orem, UT, USA). Including housing, tags represented ∼3.5-5% of the study species' body mass. Devices were programmed to record only tri-axial acceleration at 20 Hz per axis for 10 s, with 15 min between each 10 s sample. This regime allowed for ∼4.5 days of data to be collected before the memory was filled; because we expected to re-capture animals after 2-5 days (based on glue longevity), this allowed data collection throughout the anticipated sampling period.
Captive studies
Both chipmunk species were live-trapped in Inyo National Forest, CA, USA, transported to the Sierra Nevada Aquatic Research Laboratory (Mammoth Lakes, CA, USA), and housed as described in Hammond et al. (2015) .
For each trial, a transmitting accelerometer was glued (Duo Eyelash Adhesive, American International Industries, Commerce, CA, USA) to the focal animal and activated at the same time as a camera used to film the subject's behavior. Each study animal was placed in an opaque, Plexiglas arena (∼9×61×61 cm), with aspen shavings, large rocks, sticks, food and water. A secondary, runway arena (244×30×30 cm) made of polypropylene lined with mesh flooring for traction was used to capture longer distance running behaviors. Animals were filmed in arenas while accelerometers transmitted data. Approximately 28 h of synchronous accelerometer and video data were collected from 7 T. alpinus (3 females, 4 males) and 11 T. speciosus (7 females, 4 males). Videos were scored according to an ethogram (Table 1) . Behavioral scores were time matched to accelerometer readings to generate annotated acceleration datasets.
Feature extraction
We extracted several feature types from each behavioral segment (see 'Hidden semi-Markov model', below, for definition of segment). We extracted mean, variance, minimum and maximum from both the actual and the absolute values of each of the three accelerometer axes Studies on domesticated animals and captive/trained animals housed in non-naturalistic environments were excluded. Where possible, species mass provided in each paper was used; otherwise, values from Animal Diversity Web (https://animaldiversity.ummz.umich.edu/) and peer-reviewed publications were used. Accelerometer mass listed in the paper was used when available; otherwise, if make and model were provided, we located mass online if possible. In cases where the device mass included the weight of GPS or VHF technology, we did not include that study in A Manually scored behavioral labels (left column) were collapsed into two, three, four or five broad behavioral categories for the machine-learning training. Sample size (number of instances, number of hours) for each behavior is listed.
(separately for each axis), and from the sequence of magnitudes of the vector of all three acceleration axes (together). We extracted covariance features for each pair of axes. From the sequence of acceleration vector magnitudes, we also extracted spectral features derived from the lowest eight components of an averaged sliding Fourier magnitude spectrum with a window size of 16 frames.
Hidden semi-Markov model
To map behaviors to accelerometer output, we used a hidden semi-Markov model (HSMM; Levinson, 1986; Jelinek, 1998) , a structured predictor that jointly scores entire sequences of behavioral labels and segmentations. The HSMM uses additional features identifying transitions between and lengths of individual behaviors. It is a structured extension of the support vector machine (SVM), capable of learning longer range correlations. Let x be the full sequence of input accelerometer frames and let x t:r be the segment of frames between times t and r. Let y=[(l 1 ,t 1 ,r 1 ),(l 2 ,t 2 ,r 2 ),…] be a behavioral labeling of x where l i denotes the label of the ith segment, while t i and r i denote the start and end frames of the ith segment, respectively. The predicted behavioral labeling under our model is: 
The model score decomposes into two types of potential function that score (1) individual labels assigned to individual segments or (2) transitions between neighboring labels. Each potential is a sum of weighted features. The segment feature function, f, characterizes segments of the input paired with a particular label. This differs from a Markov model, which only incorporates features on individual frames. The transition feature function, g, captures sequential dependences between behavioral labels.
Training a structured predictor involves choosing parameter w to optimize the value of a learning objective on training data. We used a structured SVM objective (Taskar et al., 2005; Tsochantaridis et al., 2004) optimized with stochastic subgradient descent (Kummerfeld et al., 2015) . Our implementation used a structured prediction library (Kummerfeld et al., 2015) available at https:// github.com/tberg12/murphy.git; all models evaluated here were built on this framework (available upon request). Training was relatively fast, with the most complex model training in <15 min.
Compared predictive models
We developed two additional systems as points of comparison for the HSSM. The first was an SVM, a machine-learning method that has been used in past behavioral studies (e.g. Nathan et al., 2012; Campbell et al., 2013) . With this classifier, we predicted behaviors by dividing the accelerometer output into a series of 4 s fixed Fig. 2 . Flow-chart of the successful method for validating and applying accelerometers. Captive animals were filmed while they were wearing accelerometers. After manually scoring film footage with behaviors, accelerometer and behavioral datasets were linked to generate labeled accelerometer data from which features (summary statistics, spectral features, etc.) were extracted. Machine learning was trained on features for all individuals except one, and then was tested on that individual. Accuracy was calculated for that individual, and then the procedure was repeated for all individuals and an average accuracy was calculated. Once a suitably accurate system was generated, it was applied to unlabeled accelerometer data collected from unobserved wild animals to generate automatically labeled behavioral activity budgets.
segments and making independent behavioral classifications for each segment. The second, a baseline system, was a method that checks whether the mean acceleration norm is above a pre-defined threshold in each segment of the input signal. We set the thresholds on the training data in order to maximize training accuracy using a grid search procedure.
Hyper-parameters for all models were tuned by grid search to maximize accuracy on a held-out set consisting of all trials from a single experimental animal (e.g. SVM segment size was set to maximize held-out accuracy). Data for this animal were not included in the final evaluation.
Automated system assessment
For consistency between the baseline models, which use predefined segments, and the HSMM, which predicts variably sized segments, all predicted behavioral labels were evaluated at frame level. Specifically, manual video annotation was used to assign a correct label to each acceleration frame (a single x, y and z record from the accelerometer). The labels for our model were used to assign predicted labels to individual frames. Precision and recall metrics were computed by comparing the sequence of correct to predicted frame labels.
Cross-validation was used to determine system accuracy. To do this, we withheld data for one individual from the training data set, completed system training, then calculated the accuracy of the interpretation of the removed individual's data by the resulting system. We repeated this process for all individuals and averaged the results, weighted by the quantity of data per individual. This procedure controlled for over-fitting the machine learning to individual-specific behaviors and thus prevented inflated accuracies. Precision and recall were calculated for each behavioral category.
Field deployment data analysis
For field deployment, 30 logging accelerometers (T. alpinus N=15, T. speciosus N=15) were glued (Blink Ultra-Plus Lash Glue, Seoul, Korea) to animals in Yosemite National Park, CA, USA (37.845041, −119.494957) between 11 and 19 July and 29 September and 3 October 2015. To increase the chances of recovery, accelerometers were attached to individuals that had already been captured and released at least twice. Twenty functional accelerometers were recovered via re-trapping (T. alpinus N=4 females/1 male summer, N=3 females/1 male autumn; T. speciosus N=5 females/2 males summer, N=1 female/3 males autumn). On average, T. alpinus individuals weighed 38±4.8 g and T. speciosus 56±8.0 g.
The three-label HSMM system was applied to field data and nonparametric, two-tailed tests were used to assess data for diurnality, seasonality and interspecific differences in activity budgets.
RESULTS AND DISCUSSION Validation study and machine learning
Behaviors were collapsed into 2-5 categories (Table 1) . The system performed equally well for both species; thus, we pooled data for training and testing. In general the HSMM performed best, followed closely by the SVM and then the baseline optimum-threshold system (Table 2) .
Field deployment
On average, field-deployed accelerometers collected data from T. alpinus for 58.3±17.0 h per individual, and from T. speciosus for 51.1±17.8 h per individual. Animals spent a significantly greater proportion of time active (not 'still') during the day than the night, confirming diurnality (T. alpinus: 0.57±0.11 day, 0.24±0.06 night; T. speciosus: 0.59±0.09 day, 0.26±0.06 night; paired Wilcoxon signed rank test, T. alpinus V=45, P=0.004; T. speciosus V=66, P=0.0005; Fig. 4 ). The length of the active period decreased from summer to autumn (T. alpinus: 13.20±1.09 h summer, 10.75±2.63 h autumn; T. speciosus: 13.14±1.46 h summer, 10.25±2.88 h autumn); this difference was significant when data from the two species were combined for analysis (Wilcoxon rank sum test, W=82, P=0.0083) and was mainly driven by a pattern of earlier termination of activity. Animals spent a higher proportion of time in locomotion during summer than autumn (T. alpinus: 0.23±0.04 summer, 0.17±0.04 autumn; T. speciosus: 0.22±0.05 summer, 0.17±0.04 autumn); this difference was significant when the two species were combined for analyses (Wilcoxon rank sum test, W=80, P=0.012). This was true not only when averaged across all hours but also for exclusively daylight hours (T. alpinus: 0.32±0.07 summer, 0.25±0.06 autumn; T. speciosus: 0.30±0.05 summer, 0.24±0.07 autumn; Wilcoxon rank sum test, W=74, P=0.047), suggesting that animals were spending less time active per hour of daylight. All P-values were still significant when corrected for multiple testing using false discovery rate adjustments.
There were no significant interspecific differences in the overall average proportion of time spent active (Wilcoxon rank sum tests, all P>0.88). Both T. speciosus and T. alpinus showed patterns of Overall accuracy (Acc.) for optimum-threshold baseline (BL), support vector machine (SVM) and hidden semi-Markov model (HSMM) systems with 2-5 behavioral categories is presented in the first row, with values for the best performing system in bold. For each system, precision (P) and recall (R) are presented for the selected behavioral categories (S, still; L, locomotion; IM, in-place movement; E, eating; G, grooming).
spending more time active at midday (11:00-14:00 h) than in the morning/late-afternoon (07:00-10:00 h, 15:00-18:00 h), but this comparison was only significant for T. speciosus in autumn (Wilcoxon rank sum test, W=60, P=0.03). Interspecific comparisons of these time of day-specific and season-specific activity levels did not reveal any significant differences (Wilcoxon rank sum tests, all P>0.49), though visual inspection of the data did suggest a potential pattern of interspecific differences in autumn, when T. alpinus showed brief activity peaks around 06:00 h and 14:00 h in contrast to T. speciosus, which had higher inactivity around 06:00 h and peak activity at midday.
Discussion
Using newly developed, low-mass, data-logging accelerometers in combination with advanced machine-learning techniques, we have shown that successful accelerometer deployment is possible for small-bodied, free-living animals. We have also provided the first quantitative descriptions of activity budgets in the focal species. While the data did not support our hypothesis that, in contrast to T. speciosus, T. alpinus would spend more time active in the morning and late afternoon than at midday, when temperatures are higher, visual inspection of activity rhythms does suggest the possibility of more fine-scale interspecific differences, and future studies with larger sample sizes can explore the impacts of various environmental variables on activity budgets in these species.
Validation techniques
Conducting a validation study is a critical first step for using accelerometers to collect data on the activity budgets of free-living animals. Validation studies should collect time-matched, paired datasets consisting of behavioral observations and accelerometer readings. A variety of methods can determine whether accelerometer data are reliably correlated with behaviors, some of which are being developed for general use Resheff et al., 2014; Sakamoto et al., 2009 ). In some cases where an independent captive study is not possible, animals may be observed in zoos or in the wild, or surrogate species may be used Grünewälder et al., 2012; Nathan et al., 2012; Wang et al., 2015) . Additionally, we assessed the accuracy of our system using a cross-validation method, which generated a system that was robust to individual differences in behavior.
Machine learning and assessment
While the HSMM did improve system performance, the enhancement was modest. However, it is possible that integrating adaptive segment length and sequential correlations -properties unique to the HSMM -into future automated accelerometer interpretation models could be useful in other study systems, particularly when constant recording is possible. All systems were most inaccurate at identifying locomotion. This could be due to the short time scale of locomotory behaviors, particularly in captivity: average locomotory behaviors were approximately 1.8 s, versus 7.2 s for in-place movement and 18 s for still. This may have made it difficult to perfectly identify start and end times for locomotion. This will likely be a general challenge for using accelerometers to remotely identify behaviors of small animals, which have less inertia, meaning they can accelerate more quickly (Randall et al., 2002) and are able to start and complete behaviors on shorter time scales than larger animals. Using highspeed video and/or recording data in larger arenas during validation studies could help ameliorate this problem. Limitations and future directions
The methods described here are promising, but come with some limitations. First, battery life is an issue when studying small animals because of the limitations on weight; consequently, noncontinuous recording may be necessary. Our field-recording regime was conservative but, with enough animals, sufficient for generating meaningful activity budgets. Future studies can employ adaptive programming, including logging only when movement is initiated or during specific times of interest. Second, wearing an accelerometer may alter animal behavior. Although we limited accelerometers to <5% of body mass, future studies should examine impacts of this weight. Third, our attachment method (glue-on) and data-acquisition strategy (non-transmitting) limited weight but required individuals to be recaptured relatively quickly; future work could explore the feasibility of low-weight collar or harness attachments. Accelerometers offer important improvements over more traditional methods of monitoring animal activity, particularly for small-bodied or cryptic species that are difficult to observe directly. This technology makes data collection more efficient and machine learning can facilitate the accurate interpretation of accelerometer output. Understanding how behavior varies with season and climate could be informative for predicting and understanding responses to climate change, which is relevant to the focal species (Moritz et al., 2008) . Although improvements to this technology will no doubt be forthcoming, use of accelerometers has the potential to generate numerous novel insights into the biology of small-bodied animals.
